Objective: To investigate the relationship between baseline MRI and CSF biomarkers and subsequent change in continuous measures of cognitive and functional abilities in cognitively normal (CN) subjects and patients with amnestic mild cognitive impairment (aMCI) and Alzheimer disease (AD) and to examine the ability of these biomarkers to predict time to conversion from aMCI to AD.
Structural MRI captures disease-related structural changes in the brain by measuring loss of brain volume, the direct result of loss of neurons, synapses, and supporting cellular structures. 8, 9 There is ample evidence in the literature supporting that MRI is a good surrogate of neurodegeneration, NFT stage, and neuron and synapse loss. A technique developed in our laboratory condenses the degree and location of ADrelated atrophy on the 3-dimensional MRI scan into a single number which is called Structural Abnormality Index (STAND) score 10 and STAND scores based on antemortem MRI scans correlate well with Braak stage at autopsy. 11 To date, only a handful of studies have compared MRI and CSF biomarkers for assessing future cognitive decline along the cognitively normal (CN)-amnestic mild cognitive impairment (aMCI)-AD spectrum. [12] [13] [14] In this article, we evaluate the following 2 questions using Alzheimer's Disease Neuroimaging Initiative (ADNI) data: 1) What is the association between baseline biomarkers (MRI and CSF) and subsequent change on continuous cognitive and functional measures (Clinical Dementia Rating-sum of boxes [CDR-SB] and Mini-Mental State Examination [MMSE] ) by clinical group? 2) Do baseline biomarkers predict time to conversion from aMCI to AD?
METHODS ADNI is a longitudinal multisite observational study of elderly individuals who are CN or have aMCI or AD collected from 56 participating institutes 15 (http://www.ADNI-info.org). Baseline MRI was obtained on all subjects and baseline CSF was obtained in approximately 55% of the cohort. In this study, all subjects with both CSF biomarker data at baseline and usable MRI scans were considered. Our cohort consists of 399 subjects (109 CN, 192 aMCI, 98 AD). We used cognitive data from screening and all follow-up visits available and biomarkers collected at baseline.
Standard protocol approvals, registrations, and patient consents. Written informed consent was obtained for participation in these studies, as approved by the Institutional Review Board at each of the participating centers.
Clinical and cognitive assessment. We used MMSE 16 and CDR-SB 17 as overall indices of general cognitive performance and global functional status. Two sets of clinical and cognitive assessments were used: longitudinal CDR-SB and MMSE change in all 3 clinical groups and time of conversion of MCI to AD from baseline. In addition to being collected at screening, CDR-SB and MMSE were collected at 6-, 12-, 18-(only for subjects classified as aMCI at screening), and 24-month visits. Time-to-event analysis was conducted on 186 subjects with aMCI with at least one follow-up. Sixty subjects with aMCI converted to AD over a median time of 1.5 years (taking into account the entire follow-up in each subject). Six of the 186 with a baseline diagnosis of MCI had a subsequent diagnosis of CN at some point in their follow-up (i.e., "backwash" phenomenon) who were treated as nonconverters in the time-to-event analysis. There was one subject with aMCI who progressed to semantic dementia, whom we considered to have aMCI since the subject did not convert to AD. Only 4 CN subjects converted to aMCI in the follow-up period available; therefore, prediction of conversion in CN subjects was not considered here.
The CSF and MRI methods and estimation of STAND scores are explained in detail in appendix e-1 on the Neurology ® Web site at www.neurology.org.
Statistical analysis.
Biomarker prediction of future clinical change. We used linear mixed-effects models to estimate the longitudinal change in mean CDR-SB and MMSE. 18 All mixed models were fit using restricted maximum likelihood estimation. The models specified a random subject-specific intercept and a random subject-specific slope. This allows for heterogeneity among subjects in baseline values and rates of change and accounts for correlation among repeated measurements on the same subject. We included the following fixed effects of primary interest: years since baseline examination, diagnosis group, and a single biomarker along with all 2-way and 3-way interactions. Additionally, we adjusted for age by including baseline age and its interaction with diagnosis as fixed effects. These models allow for average baseline value to depend on baseline age, clinical group, and biomarker. The models allow average slope of cognitive measures to depend on baseline clinical group and to be modified by biomarker.
We also looked at the information each biomarker provides in addition to baseline MMSE and CDR-SB. The longitudinal CDR-SB models were adjusted for baseline MMSE by including the interaction between baseline MMSE, diagnosis, and time. Similarly, MMSE models were adjusted for baseline CDR-SB by including interaction between baseline CDR-SB, diagnosis, and time. These adjustments allow for the linear trajectory of the response to depend on baseline functional or cognitive performance that differs by group. Note that longitudinal CDR-SB models were adjusted for baseline MMSE and vice versa to somewhat avoid the issue of circularity.
In all models, biomarker variables were modeled as continuous measures with t-tau, p-tau 181P , and t-tau/A␤ 1-42 transformed using the natural logarithm to reduce skewness. We used model estimates to graphically represent change in mean CDR-SB and MMSE over time for 25th, 50th, and 75th percentile of biomarker measurements within group. Slopes are shown at the median age within group. The mixed effects models were found to fit the data well with good agreement between observed and predicted value along with approximately normally distributed residuals.
Baseline prediction of time to conversion from aMCI to AD. We assessed the effect of each biomarker variable on time to a diagnosis of AD among subjects diagnosed with aMCI at baseline using Cox proportional hazards models that included age as an adjustment covariate. Baseline visit was considered time zero. Subjects who remained free of AD throughout all follow-up visits were censored at their last visit date. For subjects who converted to AD, the date of event was calculated as the midpoint between their last visit without AD and their first visit with AD. The biomarker variables were modeled using a restricted cubic spline with 3 knots in order to account for poten-tial nonlinear effects. Results are summarized using hazard ratios (HRs) comparing 75th to 25th percentiles and presented graphically as estimated survivorship functions for 25th, 50th, and 75th percentiles of the biomarker. These survivorship functions are related to the Kaplan-Meier method but obtained from the Cox models and an estimated baseline hazard. 19 Also note that we do not divide the sample into quartiles and then report HRs based on comparison of upper vs lower quartiles. The HRs and survivorship functions assume a subject 75 years old at baseline.
All data manipulation and analysis was performed using SAS version 9.1.3 and R version 2.7.1. Mixed effects models were fit using the NLME package in R.
RESULTS Patient characteristics.
Demographics, clinical summary, longitudinal clinical data, and MRI and CSF biomarker summary are presented in table 1. Since the sampling interval for cognitive assessment is different among clinical groups, the estimates and 95% confidence limits of mean change in CDR-SB and MMSE per year were calculated using linear mixed models. These estimates are shown along with median follow-up time and number of visits by baseline diagnosis in table 1. All pairwise differences in rates of change in CDR-SB and MMSE are significant at 0.001 level except for CN vs aMCI on MMSE, which was significant at 0.01 level. Differences between CN and AD, CN and aMCI, and aMCI and AD were significant for all biomarkers.
Biomarker prediction of future clinical change. Average CDR-SB over time by diagnosis for 25th, 50th, and 75th percentiles of baseline A␤ 1-42, t-tau, STAND score, ratio, and CDR-SB at baseline is plotted in figure 1 . Among CN subjects, there was no appreciable relationship between baseline MRI or CSF biomarkers and subsequent change in CDR-SB. In contrast, CDR-SB worsened over time in aMCI and AD. Slopes of change in CDR-SB with time are progressively greater for each STAND score quartile from low to high, indicating appropriately ordered sensitivity of this measure to subsequent cognitive change; i.e., greater baseline atrophy is associated with greater subsequent cognitive decline. In contrast, although there is evidence that biologically worse t-tau and A␤ are associated with greater subsequent change on CDR-SB, scaling of change in CDR-SB by quartiles of baseline CSF biomarkers is not as clearcut.
We evaluated additive effects of these predictors in terms of explaining variability in CDR-SB over time. We found that when STAND score is in the longitudinal prediction model, A␤ 1-42 did not contribute significantly ( p ϭ 0.19), nor did log(t-tau) ( p ϭ 0.25). We used natural logarithm transform to correct for skewness. On the other hand, a model with A␤ 1-42 did improve when STAND was added ( p Ͻ 0.001). Similarly, a model with log(t-tau) improved when STAND was added ( p Ͻ 0.001). We found no evidence that log(t-tau) added to A␤ ( p ϭ 0.38) but some evidence that A␤ 1-42 adds to log(t-tau) ( p ϭ 0.12). STAND adds to a model with *Estimates and 95% confidence limits of mean change in CDR-SB and MMSE per year were calculated using linear mixed models. These are adjusted for baseline age. CN ϭ cognitively normal; aMCI ϭ amnestic mild cognitive impairment; AD ϭ Alzheimer disease; IQR ϭ interquartile range; CDR-SB ϭ Clinical Dementia Rating-sum of boxes score; MMSE ϭ Mini-Mental State Examination; CI ϭ confidence interval; STAND ϭ Structural Abnormality Index.
t-tau/A␤ 1-42 (p Ͻ 0.001) and there is some evidence that the ratio adds to a model with STAND (p ϭ 0.12).
A model with baseline CDR-SB improved when STAND was added (p Ͻ 0.001) and A␤ was added (p ϭ 0.04); there was evidence that t-tau (p ϭ 0.08) and ratio (p ϭ 0.06) add to CDR-SB. However, baseline CDR-SB added to each of the biomarkers individually (p Ͻ 0.001). Average MMSE over time by diagnosis for 25th, 50th, and 75th percentiles of A␤ 1-42, t-tau, and STAND score is shown in appendix e-2A, where we found similar relationships. Estimated average value of CDR-SB over time by diagnosis group for the 25th, 50th, and 75th percentiles of each biomarker after accounting for baseline MMSE and age is shown in appendix e-2B. This figure illustrates the fact that STAND score provides additional information regarding future clinical change even after adjusting for baseline cognitive Figure 1 Estimated average value of Clinical Dementia Rating-sum of boxes score (CDR-SB) over time by diagnosis group for the 25th, 50th, and 75th percentiles of each biomarker or baseline CDR-SB after accounting for baseline age
The percentiles for each biomarker are calculated within group. Curves assume a baseline age of 75 years for cognitively normal (CN), 75 years for amnestic mild cognitive impairment (aMCI), and 76.5 years for Alzheimer disease (AD), the median values observed in our sample. STAND ϭ Structural Abnormality Index.
performance. A similar figure for the estimated average value of MMSE over time with respect to biomarkers after accounting for baseline CDR-SB and age is shown in appendix e-2C.
Biomarker prediction of time to conversion from aMCI to AD. Estimated survivorship functions by 25th, 50th, and 75th percentile of baseline STAND and CSF biomarker values based on single-predictor Cox proportional hazard models modeling time to conversion from aMCI to AD are shown in figure 2 and model summaries in table 2. The relationship between time to conversion from aMCI to AD scaled appropriately by quartiles of STAND, i.e., worse baseline STAND was associated with shorter time to conversion. A␤ did not have an ordered relationship of time to conversion by quartiles that were biologically sensible, which might be due to the significant nonlinear relationship between A␤ 1-42 and time to conversion in this sample. A␤ 1-42 , t-tau, and p-tau 181 were not strongly associated with time to conversion from aMCI to AD. STAND and log(ttau/A␤ 1-42 ) were both found to be predictive of future conversion from aMCI to AD. The age-adjusted HR for an interquartile change (95% confidence interval [CI]) for STAND was 2.6 (1.7, 4.2) and log(ttau/A␤ 1-42 ) was 2.0 (1.1, 3.4). The difference in magnitudes of the HRs and greater 2 statistic (table 2) provides evidence that STAND score is a better predictor than CSF of time to AD. We also estimated the concordance index (C-index), which in a survival model is analogous to AUROC in a logistic model and represents the estimated probability the model will correctly predict which of 2 patients has longer time to conversion. STAND score has a C-index of 0.69, log(t-tau) has a C-index of 0.60, ratio and A␤ 1-42 have a C-index of 0.62. Based on 95% bootstrap CIs, the estimated differences in the C-index were STAND vs A␤ 1-42 (Ϫ0.01 to ϩ0.17); STAND vs log(t-tau) (ϩ0.01 to ϩ0.20); log(ptau 181P ) (Ϫ0.01 to ϩ0.17); and ratio (Ϫ0.02 to ϩ0.16). While STAND appears to better discriminate than log(t-tau), the other CIs include 0, implying that at p ϭ 0.05 level we cannot conclude that STAND provides better discrimination than A␤ , log(p-tau 181P ), and the ratio. However, the trends point in that direction. The likelihood ratio tests of additive effects of time to conversion predictors when STAND is in the model are presented in table 3. STAND score added information to each of the CSF biomarkers including t-tau/A␤ ( p Ͻ 0.001). t-tau, p-tau 181P , and A␤ 1-42 individually did not add information at the p ϭ 0.01 level to STAND score; however, log(t-tau/A␤ 1-42 ) added information ( p Ͻ 0.01) to STAND score. When the models were adjusted for baseline CDR-SB, the effect of CDR-SB adjustment was minimal even though CDR-SB was itself significant. This indicates that MRI and CSF biomarkers provide predictive information complementary to clinical assessments. DISCUSSION This study presents associations with future clinical change of 2 core disease indicators in AD: MRI and CSF. We showed that both baseline MRI and CSF are independently associated with future cognitive decline. When average CDR-SB over time by biomarker quartiles was compared within each diagnostic group, MRI was more predictive of Estimated survivorship functions by quartiles based on ageadjusted Cox proportional hazard models modeling the imaging or CSF predictor with a restricted cubic spline with 3 knots
Estimates assume a subject age of 75 years at baseline. AD ϭ Alzheimer disease; STAND ϭ Structural Abnormality Index.
decline on the CDR-SB than CSF using likelihood ratio tests. This can also be observed in figure 1 , where there is an ordered but no clear separation of cognitive decline by 25th, 50th, and 75th percentiles of t-tau and A␤ . This relationship still holds after adjusting for baseline cognitive performance, supporting the idea that biomarkers provide additional information to clinical assessments. One practical implication of these findings is that either structural MRI by itself or in combination with CSF t-tau/ A␤ 1-42 levels could be used to identify subjects with MCI or AD at higher risk to decline more rapidly than others. This predictive power could be employed in certain clinical trial designs, such as phase II studies, where small numbers of subjects are studied to gain a preliminary sense of efficacy and could also be used in subset analyses of more rapid progressors in larger phase III studies.
In our time-to-event analysis, both STAND and log(t-tau/A␤ 1-42 ) were highly significant predictors of time to conversion of aMCI to AD. Our results are in concordance with most of the existing CSF and MRI literature, which has shown that MRI biomarkers such as hippocampal, entorhinal, and ventricular volumes and brain atrophy rates [20] [21] [22] [23] [24] [25] [26] [27] and CSF biomarker, t-tau/A␤ 1-42 , 5, 6, 28, 29 are significant predictors of future cognitive decline. Our results suggest that structural brain changes provide slightly better information than CSF to predict future clinical course of disease in subjects who meet criteria for MCI at baseline. This is in contradiction with an earlier CSF-MRI study that found MRI biomarkers were not better predictors of future conversion compared to CSF biomarkers with a follow-up of 19 months. 13 The authors 13 used visual grading of MRI scans for assessing medial temporal atrophy, in contrast to the automated analysis used here, which could account for the difference in results. It has been shown that the computerized scoring of MRI scans for neurodegenerative atrophy is more reliable than visual scoring of MRI scans 30 and there is a better correlation between Braak stage and STAND scores (r ϭ 0.62) than hippocampal volume measurements (r ϭ 0.4) in subjects who have undergone antemortem MRI scans and then come to autopsy, 11 supporting the use of STAND scores here.
MRI, A␤ , and t-tau reflect different aspects of AD pathology. Low CSF A␤ 1-42 is a marker of fibrillary amyloid deposition in plaques. Near complete concordance is present between individuals with positive Pittsburgh Compound B (PIB)-PET scans and those with low CSF A␤ . 31 Although correlations with A␤ were present in our study, well accepted reasons exist to explain why A␤ might not correlate highly with clinical indices of disease intensity, where intensity is defined as rate of change. Amyloid deposition is regarded to be an early event that occurs prior to clinical symptoms, and therefore CSF A␤ is not a good leading indicator of near term cognitive decline. 32 Increased CSF t-tau is a marker of neuronal injury which correlates well with NFT stage and NFT load. 33, 34 Atrophy on structural MRI also correlates with Braak NFT stage and NFT load [35] [36] [37] [38] but the most proximate histologic correlate of MRI volume loss is loss of neurons and synapses. 8, 9 It may at first be surprising to find that correlations with clinical disease progression are slightly stronger for MRI vs t-tau given that CSF t-tau is usually regarded as direct marker of neuronal injury. A possible explanation for the better correlation between MRI and cognitive/functional performance than that with The biomarker enters the model as restricted cubic spline with 3 knots. *Three degrees of freedom likelihood ratio test of biomarker significance given that age is in the model. †One degree of freedom likelihood ratio test of nonlinearity of biomarker effect given that age is in the model. ‡Hazard ratio (95% CI) comparing the third quartile (75th percentile) to the first quartile (25th percentile) of the biomarker. § The concordance index (C-index) in a survival model is analogous to the area under the receiver operating characteristic in a logistic model and represents the estimated probability the model will correctly predict which of 2 patients has the longer time until conversion from amnestic mild cognitive impairment to dementia. CI ϭ confidence interval; STAND ϭ Structural Abnormality Index. t-tau is simply that MRI may be a more stable indicator of neuronal injury. Brain volume quantification with MRI has nothing analogous to daily turnover of a soluble protein with inevitable diurnal variation. 39 Lower physiologic variation in brain volume may translate into stronger correlations between MRI and clinical indices of disease progression over many subjects. Another possible explanation is that MRI measures at a fixed point in time reflect cumulative damage while t-tau reflects recent or transient damage; e.g., t-tau levels become elevated immediately after acute brain injury.
There are some limitations to the study. First, the ADNI cohort is not generalizable to the general population. The recruitment mechanisms were those used for clinical trials in AD and included memory clinics, patient registries, public media campaigns, and other forms of public advertisements. Second, although numbers of subjects were relatively large, the period of clinical follow-up was relatively short, with median follow-up times of 2.0 years in CN, 1.5 years in aMCI, and 1.0 years in AD. Thus, conclusions about the relationship between baseline MRI and CSF to future clinical course pertain only to relatively short-term clinical outcomes.
Our main goal of this study was to better understand and compare the effect of CSF and global structural atrophy levels on risk of progression from aMCI to dementia. However, the findings provide some possibly useful information for a prospective clinical trial examining time from aMCI to dementia. To increase event rates, enrollment could be restricted to higher-risk subjects who have CSF or STAND scores above or below a certain value, although this may come at the risk of reducing generalizability. Alternatively, these measures could be used as stratification factors so that the study arms have not only similar demographic profiles but similar subclinical CSF and MRI profiles. 
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